Over the last decades, a range of newly developed chemicals have found their way to the market and hence to the (human) environment. Many newly developed chemicals may potentially be toxic to humans and/or the environment. Increased public and scientific awareness has led to a growing claim for sound toxicological data and to the implementation of new regulatory demands. Hence, the new European chemicals legislation (REACH, Registration, Evaluation and Authorization of Chemicals) is under implementation at the moment. It may be noted that the higher number of 30,000 chemicals to be tested is due to the testing of existing chemicals, for which no data have been provided so far. Projections on how many animals would have to be sacrificed due to REACH differ. If standard laboratory animal experiments were to be used, the additional use of 7.5 milj. animals has been estimated (Hofer et al., 2004) . The latter figure takes into account reduction effects such as post hoc acceptance of historical non-OECD compliant data. The amount of testing required for compliance with the REACH guideline far surpasses the capacity of routine screening labs today, and hence it is clear that (at least partial) replacement of animal testing by alternative in vitro assays is not just an option, yet a prerequisite to achieve the goals set by REACH (Combes et al., 2003) . A possible approach would be to collect mechanistic data of a compound as early as possible, allowing for more accurate extrapolation toward animal and human toxicity, and using these data to prevent redundant animal testing (Waring and Ulrich, 2000) .
Anthropogenic discharges into the environment often consist of complex mixtures of chemicals, many of which are not routinely monitored or detected by chemical analysis. Hence, very often the burden of chemical contamination remains ill defined because chemical analysis can only detect a limited number of compounds. Ecotoxicology has countered this by implementing various biological effect measurements on both whole organism (Adams et al., 2002; Bervoets and Blust, 2003) and in vitro test systems (Dardenne et al., 2007b; Houtman et al., 2004; Johnson and Long, 1998) . Recently, the balance is shifting toward an increasing use of in vitro assays, as shown by the growing amount of scientific literature on the subject. Among the in vitro assays, gene induction/repression assays, respectively, based on the on or offset of reporter genes in bacterial or eukaryotic transgenic cells are increasingly used (Harms et al., 2006; Kohler et al., 2000; Sorensen et al., 2006) .
Most in vitro assays are fast, fairly simple to perform and interpret; they are of reasonably small scale, cost effective, and mostly at least partially automatable (Eggen and Segner, 2003; Sorensen et al., 2006) . Bioassays based on the induction/ repression of specific signaling pathways in the living cell are able to combine the detection of toxic compounds (Houtman et al., 2004; White et al., 1997) , with the unraveling of their toxic mechanism (Dardenne et al., 2007a; Reifferscheid and Hell, 1996) . Understanding the mode of action or mechanisms of toxicity is an important advantage in environmental and human hazard and risk assessment of toxicants, and the extrapolation to higher effect levels (Escher and Hermens, 2002 ) is necessary to make appropriate predictions of the real impact.
This study explores to what extent compounds can be grouped according to their toxicological mechanism of action using a multiendpoint bacterial gene-profiling test in combination with standard statistical exploratory techniques, that is, cluster and principal component analysis (PCA). On the basis of the gene induction profile obtained from 23 known chemicals, a three-phased approach was used. In a first stage using hierarchical tree clustering, different distance measures and linkage methods were evaluated for their capacity to develop the most logical tree as compared with the known mode of action of the reference compounds (RC). In the second phase, k-means clustering was used on the same data set as an inherently different technique to objectively ascertain the composition of the clusters previously obtained. Third, a PCA was performed to obtain a vector space allowing graphical output combined with objective positioning of compounds with unknown mode of action or complex environmental samples (or extracts thereof) among their closest neighbors. The validity of this approach is then challenged using gene-profiling data from a model compound (CGS 15943) not included in the reference set, and a thoroughly studied pore water sample from a small river basin in Flanders, Belgium. Higher-level effect data obtained from the pore water sample during a prior field study and data available in literature on CGS 15943 are compared with effects induced at higher levels of biological organization by the RC mapping adjacent to the pore water sample and CGS 15943 as shown by PCA.
MATERIALS AND METHODS

Bacterial Strains and Bacterial Gene-Profiling Assay
The bacterial strains, except PQ37, and the procedure for the bacterial geneprofiling assay are described elsewhere (Dardenne et al., 2007a) . The PQ37 strain is described in White et al. (1996) .
All strains were cultured in Luria Bertani Broth according to standard protocols and kept frozen in 15% (vol/vol) glycerol at À80°C prior to use (Sambrook et al., 1989) . All chemicals were purchased at UCB, Belgium and of proanalysis grade, unless specified in the text. The bacteria were exposed at the onset of exponential growth for 90 min, after which cells were lysed and the b-galactosidase activity was determined.
Calculations. The fold induction at any given dose i for every strain is calculated as the ratio between the b-galactosidase activity at dose i and the average b-galactosidase activity of the nonexposed cells (see Equation 1 ). The expression in both denominators (measurements at 420 nm) reflects the b-galactosidase activity, whereas the expressions in the nominator (measurements at 600 nm) are a correction factor for the amount of cells present in the assay during the exposure phase, that is, the surface under the growth curve during exposure assuming exponential growth. The predose (PD) optical density (OD) is the OD right before adding the compound to the cells, and the OD at the start of exposure (SE) is the OD measured exactly after dosing the compound. The difference between PD and SE corrects for possible color change as a result of compound addition to the cells. 
FI
Reference Compounds and Tester Samples
RC were chosen from an in house library of approximately 200 profiles based on their theoretical classification in terms of mechanism of action and corresponding gene induction profile ( Table 2 in Supplementary Data). Care was taken that different modes of actions were included in the compound set. The RC represent chemicals with distinct gene induction profiles, for example, clear-cut DNA-damaging agents such as methyl methane sulfonate, as well as compounds with more general toxicological features such as methanol. All chemicals used were of at least analytical quality. Stock solutions of model toxicants were made up in ultrapure MilliQ water, except for pentachlorophenol (ethanol p.a.) and toxaphene and 4-nitroquinoline-N-oxide (DMSO). The latter three exposures contained 5% solvent (actual exposure concentration), as did the respective nonexposed controls. All RC were supplied by Sigma-Aldrich (St Louis, MO), all other chemicals by Merck (Germany) or UCB (Belgium) unless otherwise stated. All exposures were performed in triplicate on a 1/2 dilution series from the top concentration down. In total, seven doses and three solvent-only exposures were tested per replicate, giving three replicates per dose and nine solvent-only exposures per compound.
Two tester samples (Table 2) were used. The sample designated location 3 C18, is a C18 pore water extract taken from a small effluent dominated river basin in Flanders, Belgium. The sample has a clear industrial fingerprint, yet obeys Belgian and European environmental quality standards, bacterial gene induction profiles and effects at higher levels of biological organization in several tester species were described in detail elsewhere (Dardenne et al., 2007b; Smolders et al., 2004) . CGS 15943 (1,2,4-triazolo-[1,5-c]-quinazolone) is a nonxanthine adenosine receptor antagonist causing behavioral effects that are similar to those produced by classic stimulant drugs. The molecule has antibiotic, antifungal, and antiprotozoan activity and both the core molecule and its substituted derivatives are of interest for their potential antiinflammatory characteristics (Gineinah et al., 2000; Jantova et al., 2004; Pfeiffer et al., 1999) .
Data Analysis
Statistical calculations and significance. General calculations were done in Excel 2002 (Microsoft Belgium, Diegem, Belgium). Statistical calculations were performed in Statistica version 6 (2001 StatSoft, Inc., Tulsa, OK).
Fold inductions were considered significant (see also Dardenne et al., 2007a,b) based on the following criteria: (1) presence of a dose-response relationship (R 2 > 0.50, significant at p < 0.05 for six degrees of freedom) and a positive slope different from 0 ( p < 0.05) in a linear model; and (2) signal different from and higher as the blank confirmed by Dunnett's test ( p < 0.05). All assays are performed in triplicate on seven doses (1/2 dilution series) and three blanks giving 21 dosed data points and nine blanks per dose-response.
The SfiA marker information is omitted from the dendrogram and PCA calculations as it contains four missing values. Although the results on SfiA (i.e., SOS chromotest) are published (Aflatoxin B1 is positive while ethanol, MODE OF ACTION CLUSTERING OF CHEMICALS AND ENVIRONMENTAL SAMPLES 207 methanol and menadione are negative), the data were not measured on our assay and thus not listed.
Data Reduction
In order in to standardize the raw data and to reduce the noise before performing the clustering and PCA algorithms, a number of data transformations were carried out. (1) All calculations necessary for clustering and PCA were done on the top dose exposures only. Although the calculations can be done on the fold inductions at lower dose (if still significantly different from the blank), the top dose fold inductions have the better signal to noise ratio and hence give the clearest resolution. (2) All nonsignificant FIs, as determined by the algorithm above, were set to the blank value of 1. (3) Within the range of available promoters, merR takes a special place. Although there are indications that it could slightly react to some forms of DNA damage, it is extremely and specifically triggered by the presence of heavy metal ions, mainly Cd 2þ and Hg , showing FIs up to a few 100-fold the blank signal. Hence, in the case of high merR inductions all other occurring FIs were considered side effects, and set equal to the blank in order to simplify classification. (4) FI scores (FIS) were calculated as the ratio of the measured FI to the maximum FI (set to 100%, Table 1 in Supplementary Data) attained on approximately 200 compounds and mixtures measured on the same stress promoters. These FIS are used as a cut off value to determine FI values equal to or greater than the 5, 10, and 15% effect levels (EL5, EL10, and EL15). (5) Three extra markers (oxidative stress, general cell lesion, and DNA damage) are calculated as the average of FIS of the promoters belonging to that specific lesion as indicated in Table 1 .
Clustering Approach
Hierarchical tree (dendrogram) clustering. Dendrogram clustering is a statistical exploratory technique facilitating the interpretation of the degree of similarity between different multivariate data sets. Different distance (or similarity) measures and linkage algorithms can be explored, and there is no a priori way to determine the best-suited combination. Because we have a good a priori expectation about the structure of the dendrogram we tried all possible combinations attempting to attain the most logical tree. The most consistent results, reflecting best the known mode of action of the RC panel, were obtained using complete linkage (furthest neighbor) in combination with Manhattan distance (taxicab or city block distance). Complete linkage defines distance as the maximum distance between an observation in one cluster and an observation in the other cluster; thus, this method ensures that all observations in a cluster are within that maximum distance. Manhattan distance is the distance between two points measured along axes at right angles, that is, the multidimensional equivalent of coordinates in twodimensional orthogonal axes. In this measure, the effect of outliers is dampened. The dendrograms of other linkage-distance method combinations are not shown. The combination of complete linkage with the Manhattan distance will be used to determine whether the raw FI values, FIS, or effect levels (EL5, EL10, or EL15) provide the dendrogram that best reflects the expectations based on the mode of action.
k-means clustering. k-means clustering is different from hierarchical tree clustering as it starts from a beforehand defined number of clusters (k). k-means works toward a clustering of observations in these k groups such that the within-cluster variance is minimized. The algorithm is iterative and may be sensitive to the choice of starter centers. To reduce this effect, starting centers were placed by ranking, all cases by their initial distances, and putting centers at constant intervals.
Principal component analysis. To assess the similarity between cases in a multivariate dataset, PCA starts from the characteristics (or combinations thereof) that vary most between cases. It then uses these combinations (principal components) to reduce the number of variables in the analysis. By plotting one principal component versus another, a series of two-dimensional spaces is obtained in which all observations can be positioned. The main advantage of PCA is that a continuous space is obtained where groupings are not shown as discrete units (as opposed to a hierarchical tree or k-means clustering where one case is assigned to one and only one specific cluster). We used the RC panel to calculate the principal components and the consequent vector spaces. The resulting graphs and loadings were then used to evaluate the clustering results and to position the pore water sample extract and CGS 15943 within the space obtained based on the RC. 
RESULTS
Reference Compounds
Grouping by dendrogram. All RC data were at first clustered using the FI and the FIS. An overview of all FI considered significant is given in Table 2 of the Supplementary Data. Table 3 in Supplementary Data lists the FIS of all RC and of their calculated grouping parameters. As a consequence, the magnitude of the induction is taken into account during calculation and the end result will depend not only on a promoter being induced or not but also on the absolute value of the induction. The latter is dependent on the concentration and the potency of the dosed compound and its possible cytotoxicity. Moreover, in the case of FI this modus operandi does not take into account the different maximum induction levels of every promoter. Figure 1 in Supplementary Data shows the result obtained based on FIS clustering; the clustering based on FI is of similar shape. From the clustering pattern some valid clusters are showing, but in general many ambiguities are observed. Cluster 1 groups include only DNA-damaging agents, and yet other DNA-damaging compounds like Ethyl methane sulphonate (EMS) and Methyl methane sulphonate (MMS), both are known DNA alkylators (as indicated by Ada induction), are not included. Cluster 2 (PCP and toxaphene) is showing, mercury and cadmium (heavy metal), and cupper and paraquat (oxidative stressors) on the other hand are separated. Moreover, the tree has a cascade shape, which on itself is indicative of poor correlation. Basically, no clear distinction between the main groups of lesions is made.
The dendrogram (Fig. 1 ) that most closely matched a priori expectations based on known mode of action was obtained by clustering the EL5 matrix (Table 2 ). This hierarchical tree shows two main clusters, each of which consisted of a number of subclusters, for the most part representing different functional groups. The cluster on the left hand side of the graph joins compounds that mainly induce oxidative stress and is split up into two subclusters, respectively, joining molecules that induce the oxyR operon (represented here by the KatG promoter) and compounds that primarily induce the soxRS operon (Zwf, Soi28, and nfo promoters). The main parameter allocating compounds to the soxRS operon appears to be induction of the soi28 promoter, as all soi28 inducers are allocated to this functional group (with the exception of menadione). The cluster spanning the middle and right hand side of the graph joins DNA-damaging agents and compounds grouped under general cell lesions. The DNA-damaging agents are split into two groups, one inducing mainly the Escherichia Note. n.a., not available; OX stress, oxidative stress; cell, general cell lesion; DNA, DNA damage; empty cells, zero's omitted for clarity.
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coli SOS response and one triggering the adaptive response (Ada). The cluster designated ''general cell lesions'' comprises three subclusters, that is, (1) compounds inducing membrane and protein damage markers, (2) molecules showing no inductions at all on this promoter set, and (3) toxicants inducing merR, as a marker for heavy metal toxicity.
k-means clustering. Here, we will investigate the reduction in within-cluster variance and compare clustering results with those of the selected hierarchical tree. Figure 2 (Supplementary Data) shows a plot of the number of clusters versus the withincluster sum of squares. The graph levels off at three and seven clusters, indicating a lowering of the sum of squares descent rate at these points. Therefore, this study will assess the validity of the dendrogram by setting k ¼ 3 to show the main clusters and k ¼ 7 to enhance the resolution within the clusters at k ¼ 3.
The composition of the clusters, for both three and seven groups on the EL5 matrix, is given in Figure 1 . Setting k ¼ 3 captures the main dendrogram clusters except for the oxyR group. Probably because N,N-di-ethylformamide next to KatG also induces Zwf and Nfo, it is joined to the soxRS group (k-means cluster A). Menadione, H 2 O 2 , and N-methyl pyrrolidone (tree cluster 4) together with the cell lesion cluster outline k-means cluster B. k-means cluster C equals the tree DNA damage cluster. When k is set to 7, k-means groups the same compounds as defined in the dendrogram, except for toxaphene and PCP (tree cluster 1), which cluster together with N,N-diethylformamide. This can be explained by the induction of MicF and ClpB by N,N-diethylformamide, a trait it shares with toxaphene and PCP, next to the oxidative stress markers originally positioning it as oxidative stressor in the dendrogram.
Principal Component Analysis
Reference compounds. The same data set (Table 2) was used for PCA. The PCA loading plots of the principal components explaining more than 10% of the variability in the data set are shown in Figure 2 (see also Fig. 3 and Table 4 both in Supplementary Data, respectively, depicting the scree plot, and the loadings of the first seven principal components). Note that because of (near to) identical profiles, Aflatoxin B1 and Mitomycin C coincide on the plots, as do Ascorbic acid with FeSO 4 and H 2 O 2 with N-methyl pyrrolidone. Factor 1 explains 32% of the variability of the data set; factor 2 and factor 3, respectively, explain 18 and 12%. All other factors explain less then 10% and their plots add little extra information (plots not shown). Factor 1 mainly discriminates DNA damage and general cell lesions from the oxidative stress clusters. Factor 2 adds resolution between DNA damage and the cell lesion cluster and between the different groups and molecules within the oxidative stress cluster. Additionally, this factor separates the noninducers (cluster 2) from other compounds in the cell lesion cluster. Factor 2 confirms the k-means clustering of the oxyR part of the oxidative stress group with members of the cell lesion cluster, both for k ¼ 3 and k ¼ 7. Factor 3 adds resolving power to the oxidative stress cluster, regrouping oxyR and separating this group from the soxRS inducing compounds. Note that the soxRS group as such is not found on the two-dimensional plots. The reason for this is best discernible in the three-dimensional plot ( Figure 2D ) where factor three can be seen to lift paraquat and cupper from the soxRS group up in the oxyR cluster. Both compounds indeed coinduce KatG, the distinctive marker for oxyR.
Tester samples. Two tester samples were positioned post hoc within the principal component vector space calculated based on the RC. The location 3 C18 sample was shown to mainly induce MicF, ClpB, and UmuDC. Factor 1 causes the sample to move in the direction of the DNA-damaging (UmuDC) and cell lesion compounds (MicF and ClpB). Factor 3 shifts its position in the direction of some of the soxRS molecules and PCP and toxaphene. These are compounds coinducing the MicF and ClpB markers. As factor 2 is neutral to this sample, the factor 1 versus factor 3 plot (Fig. 2B ) places this extract together with toxaphene and PCP (cluster 1 in Fig. 1 ). As for CGS 15943, factors 1 and 2 and the factor 1 versus factor 3 plots ( Figs. 2A and 2B ) indicate oxidative and cell lesion effects. The factor 2-factor 3 graph (Fig. 2C) shows the DNA-damaging potential. Exception is made for methanol; the same graph positions the molecule away from all other oxidative stressors (clusters oxyR and n°5). It is indeed the only compound showing KatG induction (oxyR) combined with cell lesion (MicF, ClpB, and UspA) and DNA damage markers (RecA and UmuDC).
FIG. 2.
PCA loadings (first three principal components) of the RC used as a training set represented in a two-dimensional vector space (A-C) and in a threedimensional plot (D). DD, DNA damage; CL, cell lesion; and OS, oxidative stress. Numbers and names in the two-dimensional plots refer to the designations given in the dendrogram analysis (Fig. 1) . Two tester samples (CGS 15943 and location 3 C18) are plotted post hoc on the two-dimensional space plots. Numbers between brackets: variance.
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DISCUSSION
This study used a multiendpoint bacterial gene-profiling assay in combination with a phased multivariate approach to create a classification system based on RC with known toxicological record. Two distinctively different clustering techniques were evaluated, hierarchical tree and k-means clustering, and additionally a PCA approach was used.
Quantitative gene induction assays offer a bundle of information including not only the nature or identity of the genes induced but if a dose-response approach was used, also the level of the induction in comparison to the reference system. Using all the information available, that is, the actual fold induction values of every promoter, dendrogram clustering algorithms failed to produce a toxicologically logical hierarchical tree. Hence, data were transformed into an induced-not induced table reducing the information down to the untainted mechanism of action level.
Consequently, a logical relationship was obtained, unraveling the main modes of action available through the bacterial assay. Compounds causing oxidative stress are separated from DNA-damaging agents and molecules causing other cell lesions. The latter is the fuzziest cluster, collecting membrane and protein damaging agents, as well as heavy metal like stressors and the two noninducers included in the reference set. Although many of the RC induce markers from different functional groups, clearly the dendrogram approach succeeds in disentangling important mechanistic differences. This is illustrated by the partition of the oxidative stress cluster in the oxyR and soxRS regulon subclusters, the clear distinction between the adaptive response and SOS response in case of DNA damage and the separation of toxaphene-PCP group from the remainder of the cell lesion group. In a complementary approach, the compounds are grouped using k-means clustering. The number of clusters was set to two distinct values, respectively, three and seven, based on the descending relationship between the within-cluster sum of squares and the number of clusters. k-means clustering (k ¼ 3) identifies the original main clusters, that is, oxidative stress, DNA damage, and cell lesions, yet the oxyR group is removed from the original oxidative stress cluster and split out over the other groups. N,N-diethyl formamide is shifted to the soxRS group, thus forming the new k-means oxidative stress cluster. The remainder of oxyR is grouped within the cell lesion cluster. On one hand we believe that doing so can be toxicologically and mathematically argumented, on the other defining these compounds as oxidative stressors seems more logical. It does illustrate, however, that using only one clustering algorithm will produce a solution that could overlook mixed modes of action and thus show an oversimplified classification. Setting k equal to seven, confirms the original tree and even adds more resolution by defining the PCP-toxaphene group with N,Ndiethyl formamide as a separate cluster, which is an improvement compared with the initial solution.
By consequence of the nature of both algorithms one compound can only be placed at one position of a hierarchical tree or in one k-means cluster. Although distances between clusters and compounds can be calculated and compared, one compound will only be assigned to one distinctive cluster and hence the resolution of complex modes of action spanning more then one characteristic is lost. Moreover, both algorithms make use of only one point in the dose-response curve, that is, the top exposure dose, and hence a lot of information is not taken into account. PCA can overcome part of these limitations and has an extra important advantage over traditional clustering techniques. A set of compounds can be used as a training set to calculate a fixed vector space in which afterward unknown samples/toxicants can be projected. As the calculated vector space is a continuum, PCA offers full resolution within the data set and is not hindered by compounds with mixed modes of action that cannot unambiguously be placed within one group of chemicals. Depending on the principal components plotted, the PCA analysis of the reference set confirms most of the clusters and subclusters of the initial dendrogram, albeit in clearly identifiable plotted groups or in the (uni)directional placement of individual compounds sharing common mechanisms of action. Projection of two tester samples in the PCA plane, that is, CGS19543, a compound on which only scarce toxicological information is publicly available, and an environmental sample, loc 3 C18, a C18 pore water extract from a effluent driven river basin in Belgium, illustrates the potential of the PCA and clustering approach.
CGS15943 has a mixed mode of action, showing oxidative stress, DNA damage, MicF and ClpB induction, and cell cycle disturbance (UspA). The different principal component combinations position the compound as would be expected from this complex mode of action pattern.
Also the loc 3 C18 sample is positioned as would be expected from the obtained inductions, showing DNA damage and general cell lesions. The position close to PCP and toxaphene seems the most interesting and shows the potential of this approach the best. Previous bacterial gene induction studies showed good correlation with whole organism testing at the same site (Dardenne et al., 2007b) . Moreover, the sample was previously shown to cause diminished reproduction in Danio rerio (Smolders et al., 2002b (Smolders et al., , 2003 and to provoke osmolar imbalance and altered dry weight/wet weight ratios in Dreissena polymorpha (Smolders et al., 2002a (Smolders et al., , 2004 as well as impaired growth rate of Chironomus riparius larvae. Similar effects were reported in studies on PCP and toxaphene. PCP was shown to have adverse effects on reproduction of Japanese medaka (Zha et al., 2006) and is suspect of having long-term effects on ewe reproduction (Beard et al., 1999) . Toxaphene studies on yellowtail flounder (Scott et al., 2002) indicate impact on liver function with possible adverse effect on reproduction, whereas Danio rerio was shown to be negatively impacted in its oviposition (FahraeusVanRee and Payne, 1997) . Other authors investigated the effects of PCP and other 212 DARDENNE ET AL. phenolic compounds on aquatic invertebrates and showed that effects on metabolic rate are linked to the degree of narcotic toxicity. The narcotic type of toxicity and the consequent MicF induction (membrane disturbance) might be causative to the osmolar imbalance and the altered wet/dry weight ratios reported earlier by Smolders et al. in zebra mussel. This study showed that bacterial gene induction profiles of a preselected set of RC can be grouped by principal mode of action using multivariate exploratory techniques, that is, hierarchical tree and k-means clustering. The more complex nature of some gene induction profiles, indicating mixed modes of action, can be analyzed by PCA and the resulting vector space is used to position unknown environmental samples or toxicants. This kind of mechanistic approach can be part of the solution to the vast toxicological task required for REACH compliance (e.g., chemical grouping and read-across) and to the ever increasing need for reliable and relevant in vitro testing systems replacing or complementing whole organism testing in (eco)toxicological assessments.
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